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[5 7] ABSTRACT 
There is disclosed herein a recognize only embodiment 
of a recognition matrix comprised of a forward matrix 
and a reverse matrix each having a plurality of contacts 
which cause convergence responses on target lines 
when an input signal is received by said contact. Learn 
ing is performed by changing the characteristics of the 
contacts to alter the convergence responses they cause 
in accordance with a learning rule involving the com 
parison of total convergence response on each target 
line to a convergence threshold. The contacts are not 
programmed ad hoc in the ?eld as events are individu 
ally learned. Instead each contact is programmed per 
manently by the user for a class of events which is ?xed 
and which can never change. The user typically per 
forms the learning on a computer simulator for all the 
events which a particular system is to be used to recog 
nize. The patterns of convergence responses and 
contact structure characteristics which cause these con 
vergence responses for the class of events as a whole are 
then examined and optimized for maximum recognition 
power and minimum confusion. This pattern of conver 
gence responses or contact characteristics is then per 
manently programmed in the contacts of the forward 
and reverse matrices. A no-confusion embodiment is 
also disclosed whereby an array oif recognition ma 
chines are each programmed to recognize only one 
event, and all are coupled in parallel to an input bus 
carrying the signals characterizing the event to be rec 
ognized. The outputs are or’ed together. 
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BRAIN EMULATION CIRCUIT WITH REDUCED 
CONFUSION 

BACKGROUND OF THE INVENTION 

This is a continuation in part application of US. Pa 
tent Application entitled “Brain Learning and Recogni 
tion Emulation Circuit and Method of Recognizing 
Events", Ser. No. 870,241, ?led 06/03/86 and assigned 
to The Meno Corporation, a California Corporation. 
The inventor of the new embodiments disclosed herein, 
Joe Sukonick, contributed the new matter discussed 
herein as the ROM Recognize Only Embodiment and 
the No-Confusion Recognition System each of which is 
discussed under separate heading below. All the other 
embodiments were invented by the inventors named in 
the parent application. 
The invention pertains to the ?eld of circuits for 

emulating high order functions performed in brain cor 
tex. More particularly, the invention pertains to circuits 
which can emulate the learning and recognition func 
tions of the brain. 
There has been a long history of efforts by workers in 

the art to describe and in a few cases to develop elec 
tronic circuits which emulate higher order brain func 
tions such as memory or learning and perception/ 
recognition. Circuits or models which have been devel 
oped in the past of which the applicants are aware can 
generally be broken down into several major catego 
ries. As far as the applicants in this and the parent case 
are aware, only the perceptrons described below were 
actually built, although there is some possibility that a 
Kohonen type association matrix has been built. All the 
other devices have only been simulated on computers. 

All these previous devices sense an input event and 
output a pattern of output signals which identifies the 
event more or less accurately. The ?rst category is 
perceptrons. Perceptrons generally involve two stages 
of circuitry. The ?rst stage receives the physical stimu 
lus and generates outputs which characterize the event 
sensed. The second stage recognizes and identi?es the 
event by generating a pattern of output signals that 
identi?es the event, if the event has been previously 
learned, by sampling the output signals from the ?rst 
stage and processing these samples. 

Events are learned by strengthening and weakening 
couplings. That is, the perception class of previous 
devices learns by changing the connections between the 
first stage and second stage circuitry. These changes are 
made in accordance with the perceptron learning rule. 
This rule is as follows. When an event is sensed, the 
decision cells form a pattern of outputs. If this pattern is 
the same as a pattern chosen by the user to represent the 
input event, then nothing happens. If a cell in the output 
array ?res when it is not supposed to ?re for the user 
selected output pattern, Le, a false positive indication, 
then the coupling for that cell are weakened to make it 
less likely to ?re the next time the same event is sensed. 
If a particular cell does not ?re when the input event is 
present and the cell is supposed to ?re to make up the 
output pattern chosen by the user to represent the 
event, then the connections for that cell are strength 
ened. If a particular cell ?res only when it is supposed to 
?re for a given event and does not ?re when it is not 
supposed to ?re when the event is not present, then that 
cell's connections are not changed. 

Perceptrons learn by convergence over several pre 
sentations of the same event. The learning process is 
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2 
characterized by the changing of cell connections to 
strengthen or weaken them until the output pattern 
converges with the desired output pattern selected by 
the user. This convergence process is repeated for sev 
eral different input events such that the perceptron 
eventually becomes able to recognize any of a number 
of events. 

In a 1969 monograph by Minski and Papert [Ninski, 
M. & Papert, 5., 1969, Perceptrons, (Cambridge, MIT 
Press)] an analysis of perceptrons was carried out. It 
was shown in this paper that perceptrons have limited 
powers of recognition, and are unable to carry out logic 
operations needed of higher preceptual functions. It 
was proposed that intermediate layers of cells between 
the detection and decision stages would be needed. 
However, this paper argued that adequate learning 
rules would be exceptionally dif?cult to design for such 
an arrangement. Partially because of the ideas presented 
in this 1969 paper, perceptrons fell into disuse. How 
ever, certain modi?ed forms of perceptrons are now 
returning to the attention of workers skilled in the art. 
A second major class of previous devices is associa 

tion matrices. An example of these types of devices is 
described in a 1981 paper by Willshaw [Willshaw, D., 
Holography, Associative Memory, and Inductive Gen 
eralization, in ‘Hinton, G. E. and Anderson, Parallel 
Models For Associative Memory, Hillsdate, N..l., Law 
rence Erlbaum, 1981- (pp. 83-104)]. Association matri 
ces generally take one basic form. A simple matrix com 
prised of horizontal lines crossing and contacting an 
equally sized set of vertical lines is constructed. Each 
vertical line terminates in a voltage summing device. 
The horiziontal lines are used as inputs and simulate the 
functions of axons in the cortex structure of the brain. 
The vertical lines simulate the function of dendrites 
extending from neurons, and the voltage summing de 
vice acts to simulate the function of the neural cell 
body. 
A second set of inputs to the vertical lines is pro 

vided. Each of the inputs in the second set of inputs 
contacts one vertical line or its voltage summing device. 
This second set of inputs will be referred to hereafter as 
the vertical inputs and will be numbered F1—F,,. The 
horizontal lines will be referred to as the horizontal 
inputs and will be labeled Ill-H". The vertical lines of 
the matrix which emulate the function of dendrites will 
be labeled J1-J,,. The matrix is de?ned in two dimen 
sions by the connections between the H inputs and J 
dendrites. The summing elements may be either linear 
or nonlinear. If linear, they produce an output which 
has a voltage or current amplitude which is propor 
tional to the input amplitude on the dendrites. If the 
summing elements are nonlinear, they produce a binary 
output which is active only when the amplitude of the 
signal on the dendrites exceeds a certain theshold. The 
association matrices taught by Kohonen [Kohonen, J. 
and Lehtio, P., “Storage and Processing of Information 
in Distribution Associative Memory Systems", in G. E. 
Hinton and J. A. Anderson, Parallel Models of Associa 
tive Memory. Hillsdale, N.J.: Lawrence Erlbaum 1981, 
(pp. 105-143)] use linear summing elements, whereas 
most other workers in the association matrix art use 
nonlinear summing elements. 
The association matrix learns by increasing the 

strength of the contacts to selected target lines which 
are selected by the user. For example, the user will 
activate a pattern of the vertical inputs F selected by 










































